Linear and nonlinear categorization rule learning was examined in patients with Huntington's disease (HD) and controls using the perceptual categorization task. In the linear condition, HD patients displayed an early-training deficit, whereas later in training, they were not statistically different from controls. In the nonlinear rule condition, HD patients displayed both an early-and late-training deficit. Quantitative model-based analyses revealed that the HD patients' deficits in the linear condition were due to an impairment in learning the experimenter-defined rule and not in applying a learned rule inconsistently. In contrast, in the nonlinear condition, the HD patients' deficits were due to an impairment both in learning the experimenter-defined rule and in applying a learned rule consistently. Overall, these results suggest that HD can result in a deficit in learning both linear and nonlinear categorization rules.
The neurobiological underpinnings of memory have been the focus of intense research for the last thirty years. A major finding from this work has been that the medial temporal system and the diencephalon play a critical role in the learning of new information. It is well known that patients with damage to these brain regions are impaired in consciously recalling newly learned facts or events (Gabrieli, 1998; Scoville & Milner, 1957; Squire, Knowlton, & Musen, 1993) . In contrast, the medial temporal and diencephalon do not appear to be involved in other aspects of memory, including motor learning (Brooks & Baddeley, 1976; Nissen & Bullemer, 1987) , perceptual learning (Cohen & Squire, 1980) , perceptual adaptation (Benzing & Squire, 1987) , and some aspects of classical conditioning . The finding that patients with damage to the medial temporal lobe and diencephalic structures are impaired in some aspects of memory but not others has given rise to the notion that there are different forms of memory (Schacter, 1987; Squire et al., 1993; Verfaellie, & Keane, 1997) .
A relatively recent endeavor in the study of the neurobiological bases of memory has been to identify the structures that support those memory processes that are not mediated by the medial temporal lobe or diencephalon. Studies examining patient with focal brain lesions, for example, have implicated the visual cortex in perceptual priming Keane, Gabrieli, Mapstone, Johnson, & Corkin, Interestingly, recent work indicates that amnesic patients with damage to the hippocampus or diencephalon are not impaired on various categorization tasks (Filoteo, Maddox, & Davis, in press; Knowlton, Ramus, & Squire, 1992; Knowlton, Squire, & Gluck, 1994; Kolodny, 1994; Reed, Squire, Patalano, Smith, & Jonides, 1999; Squire & Knowlton, 1995) , a finding that supports further the possibility that the striatum may be an important neuroanatomical structure involved in category learning.
Despite the fact that previous studies of category learning in HD, PD, and amnesia suggest that the striatum, and not the medial temporal lobe or diencephalon, is involved in categorization learning, not all studies support this possibility. For example, both HD and PD patients are normal in learning to categorize letter strings (Knowlton et al., 1996; Reber & Squire, 1999) and PD patients are normal in categorizing dot patterns (Reber & Squire, 1999) . This work could be taken as support for the possibility that the striatum does not play a general role in category learning. However, there are several methodological differences between previously used categorization tasks that could account for these differences. For example, the weather prediction task requires participants to learn the categories using trial-by-trial feedback, whereas grammar and dot pattern classification tasks rely on observational learning (i.e., participants simply view exemplars from a specific category without making a response; see Reber & Squire, 1999) . Thus, it is not known if the striatum plays a general role in all aspects of category learning, or if methodological differences could account for these dissociations. What is needed is an approach where different types of categorization problems can be compared, but the basic aspects of the task (e.g., nature of the feedback, type of stimuli presented, maximum attainable accuracy) remain the same. We detail such an approach below.
A second problem with previous neurocognitive studies of category learning is that differences have been observed in early-and late-training in PD patients and amnesics on previously used categorization tasks. Specifically, amnesic patients performed as well as controls during the first 50 trials of the weather prediction task, but were impaired during the later trials (Knowlton et al., 1994) . Patients with PD, on the other hand, were impaired relative to controls during early-training but were normal in late-training trials (Knowlton et al., 1996) . Knowlton and colleagues have interpreted these differences in early-and late-training in PD patients and amnesics as being due to the eventual use of declarative memory in the weather prediction task. That is, because of the small number of unique stimuli in the weather prediction task (14 unique stimuli), participants could eventually acquire a memory for each individual stimulus. During later trials, memory for individual exemplars would eventually lead to better recall in normals participants as compared to amnesics because of the latter groups' declarative memory deficits, and to roughly equivalent performance between the PD patients and their controls because the PD patients could eventually make use of their relatively intact declarative memory. Because these early-and late-training differences in amnesics and PD patients have been the focus of recent debate (Knowlton, 1999; Nosofsky & Zaki, 1998 , 1999 , it is important to determine whether such differences would emerge when a large number of unique stimuli have to be categorized.
The present study utilized the perceptual categorization task (Ashby & Gott, 1988; Ashby & Maddox, 1990 , 1992 Filoteo & Maddox, 1999; Filoteo et al., in press; Maddox, 1995; Maddox & Filoteo, in press; Maddox, Filoteo, Delis, & Salmon, 1996; Maddox, Filoteo, & Huntington, 1998) to investigate category learning in patients with HD. In a typical perceptual categorization task, the experimenter specifies two categories of two-dimensional stimuli. The stimuli used in the present study consisted of a vertical and horizontal line connected at the upper left (see Figure 1 ). Categories are created by defining specific bivariate normal distributions. On each trial, a category is chosen randomly (in the present study the base-rates were equal), a stimulus is sampled randomly from the appropriate category and is presented to the participant, the participant generates a response, and corrective feedback is provided. Because the categories are normally distributed, a unique experimenter-defined (optimal) categorization rule can be derived (i.e., the rule that maximizes long-run accuracy; e.g., Ashby, 1992; Maddox & Ashby, 1993) . The form of the rule is determined by the relationship between the two category distributions and thus, depends on the relationship between the two stimulus attributes. A major advantage in using the perceptual categorization task is that different categorization rules can be investigated within the exact same methodological framework. Thus, any differences observed between tasks can be attributed to the nature of the rule, and not to task differences.
In Experiment 1 of the present study, we examined a simple categorization rule that was based on a linear relationship between the two stimulus attributes (i.e., the lengths of the vertical and horizontal lines). In Experiment 2, we examined a complex categorization rule that was based on a nonlinear relationship between the two stimulus attributes. Because the stimuli are two-dimensional, a point in a two-dimensional space can represent each. Figure 2a depicts the distribution of stimuli used in the linear condition (Experiment 1), and Figure 2b depicts the distribution of stimuli used in the nonlinear condition (Experiment 2). The x-axis represents the length of the horizontal line and the y-axis represents the length of the vertical line. Plus signs in Figure 2 denote Category 1 stimuli and dots denote Category 2 stimuli. The solid line in Figure 2a denotes the experimenter-defined (optimal) linear categorization rule, and the solid curve in Figure 2b denotes the experimenter-defined (optimal) nonlinear categorization rule.
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The perceptual categorization task allows for a direct comparison between linear and nonlinear category learning while keeping all other aspects of the task constant. Thus, we were able to examine the ability of HD patients to learn different types of categorization rules within the same experimental framework. Further, because the stimuli vary continuously along two dimensions, an infinite number of stimuli can be examined. In the present study, 100 unique stimuli (50 in each category) were used. Thus, we were able to investigate whether any early-or late-training differences emerged in HD patients and controls when a large number of stimuli were presented. This approach minimized the role of declarative memory in categorizing the stimuli.
We have used the perceptual categorization task in two previous studies to examine category learning in patients with amnesia and PD. In our first study (Filoteo et al., in press), we found that amnesic patients could learn a nonlinear rule of the same form as in Experiment 2 of the present study. In a second study (Maddox & Filoteo, in press), we found that a group of non-demented patients with PD were impaired in learning the same nonlinear rule. Further, the PD patients were impaired both early and later in training. We also found that a second group of non-demented PD patients were normal in learning the same linear rule as in Experiment 1. Taken together, the results of our first two studies support previous literature suggesting that the striatum (the brain region damaged in PD) subserves categorization learning, whereas the hippocampus and diencephalon do not. Further, our study with PD patients suggests that damage to the striatum may differentially impact the learning of some categorization rules but not others.
Experiment 1: Linear Categorization Rule Learning
As a starting point, we examined HD patients' ability to learn a linear categorization rule of the type depicted in Figure 2a . A large body of research using college-age individuals suggests that categorization performance is generally affected by the linearity of the categorization rule (Ashby & Gott, 1988; Ashby & Maddox, 1990 , 1992 Maddox, Ashby, & Gottlob, 1998; Maddox & Bohil, 1998; see also Brehmer, 1987; Hammond & Summers, 1972; Mellers, 1980 for similar findings from the multiple cue probability learning literature; however see Medin & Schwanenflugel, 1981) . Two studies are particularly relevant. Ashby and Gott (1988; see also Ashby & Maddox, 1990 ) had participants learn a categorization rule that was very similar to the linear rule in Experiment 1, and Ashby and Maddox (1992) had participants learn a categorization rule that was very similar to the nonlinear rule in Experiment 2 2 . The nature of the categorization rule had several effects on performance. First, the linear rule was generally learned more quickly than the nonlinear rule (i.e., performance asymptoted more quickly). Second, asymptotic accuracy was generally higher for the linear rule. Finally, and perhaps most interestingly, participants were often able to describe verbally the linear categorization rule, but were unable to do so for the nonlinear categorization rule. Rather, participants appeared to respond instinctively in the latter case.
The finding that the linearity of the rule often impacts the performance of participants has several implications for the possible role of the striatum in category learning. Specifically, it could be that linear rules (such as the one used in the present study) require a system that is closely tied to conscious memory, such as an explicit or declarative system. This would be consistent with the findings from normal participants that linear rules are generally learned quickly and can often be described readily, as would be expected once the participant becomes aware of the rule. As such, those brain regions involved in conscious memory (medial temporal lobe and diencephalic structures) could play a role in the learning of these rules. In contrast, nonlinear rules might place a greater emphasis on those systems that are believed to be involved in unconscious, S-R learning, such as the striatum (Mishkin et al., 1984; Salmon & Butters, 1995; White, 1997) . This notion would also be consistent with the finding that normal participants are often unaware of the rule when they learn nonlinear rules, as indicated by their inability to describe the rule, as well as the fact that these rules are learned in an incremental fashion 3 . Incremental learning is thought to be a hallmark of the type of learning undertaken by the striatum (Graybiel, 1998) .
If the distinctions between linear and nonlinear rules used in the present study are correct, we expected that HD patients who are fairly early in the stages of their disease would not be impaired in learning linear rules (such as in Experiment 1). This would be anticipated because HD tends not to affect cortical structures until later in the disease process (Vonsattel et al., 1985) , and the HD patients who participated in the present study were fairly early in the course of their disease. In contrast, the HD patients should definitely be impaired in learning nonlinear rules (such as in Experiment 2) given the striatal degeneration in this disease and the reported role of these brain structures in procedural and skill learning.
Method

Participants
Seven patients with HD and 6 normal controls (NC) participated in Experiment 1. The diagnosis of HD was made by a neurologist with specialty training in movement disorders and was based on a positive family history of the disease and the presence of motor symptoms associated with HD. Functional disability was assessed using the Shoulson and Fahn (1979) functional disability rating scale, which ranges from 1 (minimal functional disability) to 5 (severe disability). The mean Shoulson and Fahn rating for the HD patients was 2.0 (SD=0.6; range=1-3). The general cognitive functioning of the HD patients was assessed using the Dementia Rating Scale (DRS; Mattis, 1988) . The mean DRS score of the HD patients was 124.1 (SD=3.7; range=119-129), thus, the HD patients as a group were considered to have a mild level of global cognitive impairment. NC participants were recruited from the community. Inclusion criteria for the NC group consisted of a negative history of neurologic or psychiatric disorders, no history of substance abuse, and similar age and education levels as the HD group. The mean age of the HD patients was 42.9 years (SD=11.1) and their mean number of years of education was 14.7 (SD=1.9). The mean age of the NC group was 41.0 years (SD=16.3) and their mean number of years of education was 15.5 (SD=2.35). The two groups did not differ significantly in their age (t(11)=.24, p>.05) or years of education (t(11)=.67, p>.05).
Stimuli and Stimulus Generation
The stimuli consisted of a horizontal and vertical line of various lengths that were connected at the upper left (see Figure 1 ). Stimuli were black and presented on a white background using a Power Macintosh computer, and subtended approximately 9 degrees of visual angle. The values of the stimulus dimensions were generated prior to the experiment. Two categories were defined by specifying two bivariate normal distributions. Fifty stimuli were sampled randomly from each of the two categories with the constraint that the sample means, variances, and covariances were similar to the category distribution parameters (see Table 1 ). Six random orderings of the 100 stimuli were generated, and made up the 6-100 trial blocks used in the study. Each random sample was composed of an ordered pair (x, y). The x and the y values of the ordered pair were used to determine the lengths of the horizontal and vertical line segments, respectively. The parameters of the two category distributions are displayed in Table 1 . The optimal classifier (i.e., the hypothetical device that maximizes categorization accuracy; Green & Swets, 1967) would use the categorization rule represented by the solid line in Figure 2a and could obtain 95% accuracy.
- Table 1 about here
Six hundred trials were presented and were broken down into 6 blocks of 100 trials. Participants were told that they were involved in a study that examined their ability to categorize simple stimuli as belonging to either Category 1 or Category 2. They were also told that at the beginning of the experiment they might feel as though they were guessing, but as the experiment progressed, their accuracy would probably increase. Participants indicated their categorization responses by pressing one key for Category 1 stimuli and another key for Category 2 stimuli. At the start of each trial, a fixation point was displayed for one second and then the stimulus appeared. Following the participant's categorization response, the number of the correct category was presented on the screen for 1 second along with the word "wrong" if their response was incorrect or "right" if their response was correct. Once feedback was given, the next trial was initiated. Participants were provided with their cumulative accuracy after every twenty-five trials.
Results
Accuracy Rates
In our first set of analyses, we examined early learning in the HD patients and NC participants. The averaged accuracy rates (i.e., percent correct) of the 7 HD patients and 6 NC participants for the first 100 trials are presented by 10 trial blocks in Figure 3 . As depicted in this figure, the accuracy of the HD patients in the first block of 10 trials was about 50% (chance level), whereas the accuracy of the NC participants was about 75%. However, the accuracy of both groups improved over the first 100 trials and by the last block of trials the HD patients were about 80% accurate, whereas the accuracy of the NC participants had risen to about 96%. These data were analyzed using a 2 X 10 mixed design ANOVA, with group (HD vs. NC) as a between-subjects factor and block of 10 trials (blocks 1-10) as a withinsubjects factor. This ANOVA revealed that (a) overall, HD patients were less accurate than the NC group (F(1,11)=22.8, p<.01), (b) both HD and NC participants' performances improved over the first 100 trials (F(9,99)=3.35, p<.01), and (c) although HD patients performed less accurately than controls, the magnitude of their deficit was consistent across the first 100 trials [(i.e., there was no group by block interaction; F(9,99)=.55, p>.05)].
The accuracy rates of the two groups for the 10 blocks were compared separately to chance responding (50%) using paired sample t-tests. These analyses indicated that the HD patients performed significantly above chance only during blocks 8 and 10, whereas the NC participants performed above chance on all 10 blocks. Thus, the HD patients did not display reliable learning of the linear rule until after the first 80 trials, whereas the NC participants displayed reliable learning after only the first 10 trials.
Accuracy rates of the HD patients and NC participants for the entire 600 trials in 100 trial blocks are displayed in Figure 4 . The accuracy of the HD patients improved from approximately 62% for the first block of 100 trials to approximately 82% by the last 100 trials. The NC participants, on the other hand, were about 90% accurate on the first block of 100 trials and about 95% accurate by the last block of 100 trials. A 2 X 6 mixed design ANOVA, with group (HD vs. NC) as a between-subjects factor and block of 100 trials (blocks 1-6) as a within-subjects factor, indicated that (a) HD patients were marginally less accurate than the NC group (F(1,5)=4.8, p=.051), (b) participants showed improved performance across the 600 trials (F(5,55)=9.37, p<.001), and (c) HD patients showed more improvement over the 600 trials than the controls [i.e., there was a significant group by block interaction; (F(5,55)=9.37, p<.001)]. To identify the source of this interaction, we compared the accuracy rates of the HD patients and controls on all six blocks. The results of these comparisons indicated that the HD patients were significantly less accurate than controls during block 1 (t(11)=4.6, p <.01) but that the two groups did not differ during any other block (all ps >.05). As can be seen in Figure 4 , however, this interaction effect was likely due to the ceiling effect exhibited by the NC participants later in learning.
, each group's accuracy rates for the 6 blocks of 100 trials were compared to chance responding (50%) using paired sample t-tests. These analyses indicated that the HD patients performed significantly above chance in every block of 100 trials, except the first, whereas the NC participants performed above chance in all 6 blocks of 100 trials.
Model-Based Analyses
An additional advantage of the perceptual categorization task is that a number of quantitative models of category learning have been developed specifically for application to data collected in this task (Ashby, 1992; Filoteo & Maddox, 1999; Maddox & Ashby, 1993; Maddox et al, 1996 . These models provide a more detailed examination of participants' performances and can often help to isolate the source of any impairment on this task. The specifics of the modeling procedure are outlined in numerous articles (e.g., Ashby, 1992; Ashby & Maddox, 1994; Filoteo & Maddox, 1999; Filoteo et al., in press; Maddox & Ashby, 1993; Maddox & Filoteo, in press; Maddox, et al, 1996 ), therefore we provide only an overview of the approach, highlighting aspects of the modeling that are relevant to the current study.
Two specific indices from the modeling approach were examined in the present study. The first, the categorization rule learning index, examined whether the participant learned the rule depicted in Figure  2a . To quantify rule learning, we applied a model that assumed that the participant used the experimenterdefined linear rule in Figure 2a , and examined the goodness-of-fit of this model (-lnL; negative log likelihood; for details, see Ashby, 1992; Maddox & Ashby, 1993) . The lower the fit value, the better the experimenter-defined rule described the participant's data. The second index we examined was the rule application variability index (Ashby, 1992) . To quantify rule application variability we applied a model that assumed that the participant used some linear rule. The slope and intercept of this "best-fitting" linear rule were those that best accounted for the participant's data (i.e., yielded the smallest goodness-of-fit). We assumed that this was the rule that the participant attempted to apply consistently on each trial. The rule application variability parameter measured trial-by-trial variability in the application of this categorization rule (i.e., how consistently the participant applied the rule that they had learned). Essentially the model assumes that the linear categorization rule that is applied from trial-to-trial is normally distributed. The rule application variability parameter is the variance of this normal distribution. A small rule application variability estimate indicates that the participant applied their rule consistently on each trial. In this case, the participant's responses would be almost perfectly partitioned by the best fitting linear categorization rule. A large rule application variability estimate indicates that the participant applied their rule inconsistently. In this case, the participant's responses would be partitioned by the best fitting categorization rule but many of the responses near the best fitting linear rule would be mispredicted (i.e., would fall on the incorrect side of the categorization rule). The advantage of this modeling approach is that the categorization rule learning index and rule application variability index tend not to be associated. Thus, participants can demonstrate poor performance in terms of the categorization rule learning index, suggesting that they did not learn the correct rule, but still have a low value on the rule application variability index, indicating that they applied consistently whatever rule they learned 4 .
4 When the categorization rule is linear, the rule application variability parameter is non-identifiable with another parameter that measures the effects of perceptual variability, and thus only the sum can be estimated (Ashby, 1992a) . Even so, we minimized the effects of perceptual noise in this study by (a) using high contrast displays, (b) using response-terminated displays, and (c) emphasizing accurate responding over fast responding. Because the perceptual noise is likely small relative to the rule application variability, we interpret this parameter as primarily an estimate of rule application variability. When the categorization rule is non-linear, the perceptual noise, and rule application
The fit values and the rule application variability estimates of the HD patients and the NC participants for the 600 trials in 100 trial blocks are displayed in Figure 5a and 5b. These data were analyzed using a 2 X 6 ANOVA with group (HD vs. NC) as the between-subjects factor and block (block 1-block 6) as a within-subjects factor. The analysis of the fit values revealed that (a) HD patients had significantly larger fit values than the NC participants (F(1,11)=6.3, p<.05), (b) among both groups, the fit values decreased over the 600 trials (F(5,55)=7.8, p<.001), and (c) the rate at which the fit values decreased across block did no differ between the two groups (F(5,55)=1.1, p>.05)
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. The rule application variability estimates were analyzed using the same design as the fit values. This ANOVA revealed that (a) the variability estimates of the HD patents and NC participants did not differ significantly (F(1,11) =3.3, p>.05), (b) the variability estimates of both groups declined over the blocks (F(5,55)=4.5, p<.01), and (c) there was no differential decline in variability estimates between the two groups across the 600 trials (F(5,55)=.85, p>.05).
Somewhat surprisingly, the accuracy results of Experiment 1 indicated that HD patients who were only mildly-to-moderately impaired in terms of their functional disability, and only mildly impaired in their global cognitive abilities, were impaired in learning a linear categorization rule. This was particularly evident early in the experiment during which the HD patients did not display any reliable learning until after the 80 th trial, whereas controls displayed reliable learning after only the 10 th trial. The HD patients in this study eventually displayed reliable learning, however, and by the end of the 200 th trial, there was no statistical difference between the accuracy rates of the HD patients and controls (although this was likely due to ceiling effects in the NC participants). These findings stand somewhat in contrast to those of Knowlton et al. (1996b) , who found that HD patients did not display reliable learning on the weather prediction task. The participants in that study, however, were administered only 150 trials, whereas participants in our experiments were administered 600 trials. Thus, the results from our study suggest that HD patients can eventually learn to categorize if given enough practice with the task.
The model-based analyses provided further insight into the nature of HD patients' categorization learning deficit. Specifically, the finding that HD patients had larger fit values than the controls suggests that HD patients were impaired in learning the rule displayed in Figure 1a . In contrast, the HD patients and controls did not differ in their rule application variability estimates, suggesting that their impairment in Experiment 1 is not due to inconsistent rule application. This is an important distinction that has not been made in previous studies of the neurobiological bases of categorization learning (however see Filoteo, et al, in press; Maddox & Filoteo, in press) , and it indicates that the HD patients' deficits were not due to increased random responding (which would lead to large rule application variability estimates). As such, it appears that HD patients' deficits are due specifically to an impairment in rule learning, per se, and not in applying a rule consistently.
There are at least three general reasons that could explain the unexpected findings in Experiment 1. First, it is possible that the particular linear rule used in this study did not require the type of processes typically required in the learning of linear rules. This does not appear to be the case, however, based on the performance of the NC participants who displayed rapid learning that reached asymptote after the first 30 trials (see Figure 3) . Thus, it appears that NC participants learned this linear rule in much the same way that normals have in previous studies, and HD patients are, in fact, impaired in learning rules that can be variability parameters can be estimated separately, although in many applications these parameter estimates trade-off. In light of this fact, we will focus on the sum of these two parameter estimates. 5 To investigate further HD patients' categorization learning abilities, we also examined other indices of categorization learning. These included the percent of responses accounted for by the optimal model and the percent of responses accounted for by the suboptimal model. In general, the results converged with the aforementioned results, except there was an interaction between group and block for the percent of responses accounted for by the optimal model. This is likely related to the ceiling effect observed in the NC participants. Nevertheless, because the results mostly converged, we will only discuss the results from the fit values of the optimal model. acquired rather quickly and consciously among normal participants. A second possibility is that damage to brain regions other than the striatum in HD patients resulted in their impairment in linear rule learning. This interpretation would imply that the neuropathology of the patients extended beyond the striatum. A third possibility is that the striatum is directly involved in the learning of linear rules, which would suggest that the striatum plays a role in the learning of categorization rules that can be acquired rather quickly and can be under the guide of conscious processes. To address these possibilities in greater detail, however, we must first examine how the HD patients performed in Experiment 2, where participants were required to learn a nonlinear categorization rule.
Experiment 2: Nonlinear Categorization Rule Learning Experiment 1 indicated that HD patients are impaired in learning a linear rule, a somewhat unexpected finding given that this task is not typically thought to be under the control of an incremental learning system (see Ashby et al., 1998) . Recall that the striatum is believed to be involved in incremental learning (Graybiel, 1998; Mishkin et al., 1984) . In contrast, we anticipated that HD patients would be impaired in learning a nonlinear rule given that the learning of this type of rule proceeds in an incremental fashion and normal participants typically are unaware of the rule they have learned. Experiment 2 examined whether HD patients could learn the rule depicted as the solid curve in Figure 2b .
Method Participants
Seven patients with HD and 6 controls participated in Experiment 2. Five of the 7 HD patients in Experiment 2 also participated in Experiment 1. The order of the linear and nonlinear categorization tasks was counterbalanced for these patients, and the two tasks were administered at least one month apart. The diagnosis of HD was made using the same criteria as in Experiment 1. Functional disability, as rated on the Shoulson and Fahn (1979) scale, averaged 1.86 (SD=0.7; range=1-3) for the HD patients. The average DRS score for this group of HD patients was 127.0 (SD=5.6; range=119-134), thus, the HD patients as a group were considered to have a mild level of global cognitive impairment. A new group of NC participants was recruited from the community. Inclusion criteria for the NC group were the same as in Experiment 1. The mean age of the HD patients was 42.7 years (SD=11.4) and their mean number of years of education was 15.0 (SD=1.5). The mean age of the NC group was 44.0 years (SD=3.6) and their mean number of years of education was 16.3 (SD=1.4). The two groups did not differ significantly in their age (t(11)=.26, p>.05) or years of education (t(11)=1.65, p>.05).
Stimuli and Stimulus Generation
The stimuli and stimulus generation procedures were the same as in Experiment 1. The parameters of the two category distributions for Experiment 2 are displayed in Table 1 . The optimal classifier (i.e., the hypothetical device that maximizes categorization accuracy; Green & Swets, 1967) would use the categorization rule depicted as the solid curve in Figure 2b and could obtain 95% accuracy.
Experimental Procedure
The experimental procedure was the same as in Experiment 1. As stated earlier, for those HD patients who participated in the two experiments, the order of the tasks was counterbalanced and the two tasks were administered at least one month a part in order to lessen any possible carry-over effects from one task to the next.
Results
Accuracy Rates
As in Experiment 1, we first examined early learning in the HD patients and controls. The averaged accuracy rates (i.e., percent correct) for the seven HD patients and six NC participants for the first 100 trials are presented in 10 trial blocks in Figure 6 . Both HD and NC participants performed just a little above chance (50% correct) after the first ten trials. However, the accuracy of the NC group improved fairly dramatically by the second block of 10 trials to approximately 73% whereas the HD patients improved only to 56%. By the end of the first 100 trials, the accuracy of the HD patients was about 81% and the accuracy of the NC participants was about 97%. A 2 X 10 ANOVA of these data confirmed that the HD patients were significantly less accurate than the NC participants (F(1,11)=6.85, p<.05). Furthermore, the two groups showed improved performance across the first 100 trials (F(9,99)=5.2, p<.001), but there was no difference in the rate of improvement of the two groups across these trials (F(9,99)=.79, p>.05).
- Figure 6 about here --------------------------------The accuracy rates of the HD and NC participants during the first 100 trials were compared to chance responding (50%). The results of these paired-sample t-tests indicated that the HD patients performed above chance only during blocks 8 and 10, whereas the NC group performed above chance in blocks 2-10. Thus, like in Experiment 1, the HD patients did not demonstrate reliable learning until the end of the first 100 trials (see Figure 6) . Figure 7 displays the accuracy rates of the HD patients and the NC participants for the entire 600 trials in 100 trial blocks. The results of a 2 X 6 ANOVA with group as the between-subjects factor and block as the within-subjects factor indicated that (a) the HD patients were less accurate than the NC participants across the 600 trials (F(1,11) =13.08, p<.01), (b) both the HD and NC participants showed increased learning across blocks (F(5,55)=19.72, p<.001), and (c) the rate of learning was equal in the two groups (F(5,55)=.86, p>.05).
------------------------------Insert
- Figure 7 about here -------------------------------Paired-sample t-tests indicated that both the HD and the NC groups performed above chance on all blocks of 100 trials (all ps <.05).
Model-Based Analyses
The modeling approach was identical to that in Experiment 1 with two exceptions. First, instead of using a linear model to investigate categorization rule learning, another model was applied that assumed the participant used the optimal nonlinear categorization rule 6 . Second, when the categorization rule is nonlinear, the rule application variability parameter is identifiable from the perceptual variability parameter. However, because the values of these parameters can sometimes trade-off, we combined them in the analyses conducted below.
The fit values and rule application variability estimates of the two groups for the 600 trials in 100 trial blocks can be seen in Figure 8 . The results from an ANOVA of the fit values indicated that the HD patients had significantly larger values than the NC participants (F(1,11)=17.3, p<.01) and that, as a whole, participants' fit values decreased significantly throughout the 600 trials (F(5,55)=7.9, p<.001), but there was not a group by block interaction (F(5,55)=2.3, p>.05; see Figure 8a ). For the rule application variability estimates, one of the HD patients had an exceedingly large estimate in block 1 and a second HD patient had a large estimate in block 2. Because this increased variability probably decreased the likelihood of finding significant differences, these participants were excluded from the overall ANOVA. The results of this analysis indicated that (a) there was a group difference in overall variability estimates (F(1,9)=13.24, p<.01), with HD patients having larger estimates than controls (b) participants' estimates decreased during the 600 trials (F(5,45)=8.86, p<.01), and (c) there was a marginally significant group by block interaction (F(5,45)=2.38, p=.054). Thus, unlike in the linear condition, HD patients displayed deficits in both categorization rule learning and rule application consistency.
The non-linear categorization rule took the form ax 2 + by 2 + cxy + dx + ey + f, where a -f denote the coefficients of the quadratic function, and x and y denote the horizontal and vertical line lengths, respectively. In the experimenterdefined non-linear categorization rule for Experiment 2, the coefficients a -f are fixed, and are determined from the category structures. In the model that was applied to the data, these coefficients were left as free parameters.
Discussion
As anticipated, the results of Experiment 2 demonstrated that HD patients are impaired in learning a nonlinear categorization rule. Similar to the results in Experiment 1, HD patients did not display reliable learning until the after the 80 th trial, whereas normal participants displayed reliable learning after the 10 th trial. The accuracy rates of the HD patients in Experiment 2 never statistically equaled that of the controls (see Figures 4 and 7) . Thus, HD patients showed both an early-and late-training deficit when learning a nonlinear rule. This is in contrast to the results of Experiment 1, where the accuracy rates of HD patients and controls eventually reached statistical equivalence. However, because of the possibility that NC participants reached ceiling performance in Experiment 1, this significant interaction should be interpreted with caution. Nevertheless, the results of both Experiment 1 and Experiment 2 indicate that, if given enough training, HD patients can learn categorization rules, albeit not as efficiently as controls. Unlike in the linear categorization condition, it appeared that the HD patients' impairment in learning a nonlinear rule was due to a deficit in both category rule learning and applying a learned rule consistently. This was demonstrated by the fact that the HD patients had significantly larger fit values and variability estimates than did controls. These results are important because they suggest that the HD patients learned some categorization rule, albeit not the experimenter-defined rule, and applied what rule they learned less consistently than controls. Further, these results demonstrate the utility of a quantitative model-based approach to studying the neurobiological bases of categorization rule learning.
In general, the HD patients demonstrated the same pattern of impairment in Experiments 1 and 2. This was in contrast to what was anticipated given our hypothesis that the striatum is involved in learning nonlinear rules but is not involved in learning linear rules. The possible reasons for the similar pattern of deficits will be addressed in the General Discussion.
General Discussion
The overall results from Experiments 1 and 2 demonstrated that HD patients were impaired in learning both linear and nonlinear categorization rules. Quantitative model-based analyses indicated that the nature of the deficit in the linear condition was in learning the experimenter-defined categorization rule, and not in applying a rule consistently. In contrast, HD patients' deficits in the nonlinear condition appeared to be due both to rule learning deficits and inconsistencies in rule application.
The finding that patients with HD were impaired in category learning is in line with past studies that demonstrated similar deficits in these patients. For example, Knowlton et al. (1996b) found that HD patients were impaired in learning a probabilistic categorization task (the weather prediction task), suggesting a role of the striatum in category learning. Similarly, other studies have found that patients with PD, who also have striatal dysfunction, are impaired in categorization learning (Knowlton et al., 1996a) . These findings, along with our current findings, provide converging evidence that the striatum is involved in categorization learning.
It is important to point out that patients with damage to the medial temporal lobes or the diencephalon are normal in categorization learning (Filoteo et al., in press; Kolodny, 1994; Knowlton et al., 1994; Squire & Knowlton, 1995) . For example, Knowlton et al. (1994) found that, relative to controls, amnesic patients with damage to either the medial temporal lobe or diencephalon were normal during early-training trials on the weather prediction task. Using the same methodology as in Experiment 2, we found that a patient with hippocampal damage secondary to an apparent encephalopathy could learn a nonlinear categorization rule as well as normal controls, despite the fact that this patient was severely impaired in learning new, declarative information (Filoteo et al., in press ). These past findings have important implications for the present results in that they suggest that the learning of certain categorization rules (i.e., a nonlinear rule) is not necessarily mediated by the hippocampus, thereby opening up the possibility that other brain regions (such as the striatum) are important in category learning.
The finding that HD patients were impaired in learning both linear and nonlinear rules was somewhat surprising given that we had anticipated that the patients would be impaired in the nonlinear but not the linear condition. The most important question that remains is what is the basis of HD patients' impairment in learning both nonlinear and linear rules? The most parsimonious explanation is that those brain regions impacted in HD contribute to learning both nonlinear and linear categorization rules. The structure that has been most implicated in HD is the striatum, in general, and the caudate nucleus, in particular, and it is this structure that could play a major role in categorization learning. The notion that the striatum is involved in learning categorization rules is supported by theories of striatal functioning. Most theories of striatal functioning have focused on the possibility that this brain region is involved in procedural, skill, or S-R learning. For example, Mishkin and colleagues (Mishkin et al., 1984) postulated that the striatum might be part of a habit learning system that links a stimulus with a particular response using reinforcement. Habit learning appears to share many of the same characteristics as categorization rule learning in that both occur in an incremental fashion and participants appear not to be aware that learning has occurred. Thus, it may be that the learning of certain categorization rules is a form of habit learning where S-R relationships are built up gradually over time in the absence of conscious awareness. This possibility is also consistent with past studies that have indicated that the striatum may be involved in associating a response to a reward (Romo, Scranati, & Shultz, 1992) or in associating a stimulus with a particular motor response (Hikosaka, Sakamoto, & Usui, 1989; Kimura, Kato, & Shimazaki, 1990) .
Other possible brain regions that might underlie HD patients' impairment in learning nonlinear and linear categorization rules are the frontal lobes. The possible role of the frontal lobes in categorization learning is not as straightforward. It is possible, however, that the learning of the categorization rules in this study requires hypothesis testing, a process that is believed to be mediated by the frontal lobes. Several studies have implicated the frontal lobes in strategic processes that are required for many cognitive functions (Fuster, 1989; Grafman, 1995; Petrides, 1994) , and it is possible that deficits in such processes could result in an impairment in generating and/or abandoning rules in these categorization tasks. The finding of frontal lobe pathology in HD patients in past studies (de la Monte, Vonsattel, & Richardson, 1988; Terrence, Delaney, & Alberts, 1977) supports the possibility that such deficits resulted in an impairment in learning the categorization rules in the present study.
Although the most straight forward interpretation of the present results is that damage to a single brain system impaired nonlinear and linear rule learning in HD patients, a second possibility is that these rules are learned by different cognitive and neurocognitive systems, and it is damage to these separate systems that resulted in HD patients' impairment in learning the two rules. This possibility, although tentative, is supported by two sources of evidence. First, the results from the normal participants in other studies suggests that linear and nonlinear rules are learned differently in that normal participants (a) reach asymptote much faster when learning linear rules as compared to nonlinear rules, (b) learn linear rules more consistently than nonlinear rules, and (c) are often aware of the nature of the linear rule whereas they are often unaware of the nature of the nonlinear rule. These results suggest that different cognitive systems might be involved in learning these two rules. Second, we recently examined whether non-demented PD patients (who also have striatal dysfunction) could learn the same linear and nonlinear rules as those in the present study. The results indicated that PD patients were not impaired in learning the linear rule, whereas a second group of non-demented patients displayed clear deficits in learning the nonlinear rule (Maddox & Filoteo, in press) 7 . In addition, the model-based analyses suggested that HD patients' deficits in learning linear and nonlinear rules may be due to different mechanisms. This evidence, however, in no way provides confirmation that linear and nonlinear rules are learned using different neurocognitive mechanisms, but does leave open this possibility for future research.
A final point that should be addressed is the nature of the linear and nonlinear rule in the present study. Although a distinction is drawn between these two types of rules in the current work, it is important to note that it is not the case that all linear and nonlinear rules maintain these characteristics (see Footnote 2). For example, under some circumstances, a linear rule might be learned incrementally and without the participant being aware of the rule. In this case, we would suspect that patients with striatal-damage should be impaired in learning such linear rules. Thus, the linearity of the rule may not be the most 7 Because a sub-sample of 5 HD patients participated in both Experiments 1 and 2, we decided to examine the possible relationship between their accuracy rates for the two rules. The results of these analyses indicated that the performances of the HD patients in the two conditions were not significantly associated in any of the blocks of trials, although the r value for block 3 was fairly large (.49). Although these null findings should be interpreted with extreme caution because of the sample size, they do suggest the possibility that HD patients' impairments in learning linear and nonlinear may be due to different reasons. important factor in determining what brain regions will be involved in learning categorization rules and other factors may play a more critical role. For example, it has been suggested that the verbalizability of a rule (i.e., whether a participant can state the rule) is an important determinant of what brain systems will be involved in category learning . If this is the case, it could be that the frontal lobes are critical in learning linear rules that are verbalizable. Further work should be directed at identifying under what circumstances (i.e., with what types of rules and stimuli) striatal-damaged patients will demonstrate categorization learning deficits. The perceptual categorization task and the quantitative model-based analyses described in this present study provide a unique method to carry out such work.
In summary, the present study, along with past behavioral studies with patient populations and functional neuroimaging work with normal participants, suggests rather convincingly that the striatum contributes to categorization learning. Exactly how the striatum might accomplish this, and whether other brain regions contribute to categorization learning (e.g., the frontal lobes), is still unknown and should be the focus of future research. 
